Although advances in neural architectures for NLP problems and unsupervised pre-training led to impressive improvements on question answering and natural language inference, reasoning over long texts still poses a great challenge. Here, we consider the task of question answering from full narratives (e.g., books or movie scripts), or their summaries, tackling the NarrativeQA challenge (NQA; Kocisky et al. (2018)). We introduce a heuristic extractive version of the data set, which allows us to approach the more feasible problem of answer extraction (rather than generation). We develop models for passage retrieval and answer span prediction using this data set. We use pre-trained BERT embeddings for injecting prior knowledge into our system. We show that our setup leads to state of the art performance on summary-level QA. On narrativelevel QA, our model performs competitively on the METEOR metric. We analyze the relative contributions of BERT embeddings and the extractive model setup, and provide a detailed error analysis.
Introduction
With recent advances in machine learning techniques, the availability of sizable data sets as well as compute power, natural language processing has made impressive advances across a variety of NLP tasks. A striking gap between machine and human performance, however, remains the ability to comprehend text and make inferences over multiple pieces of information.
Automatic question answering (QA) from text has received much recent attention as a task designed towards bridging this gap. A variety of question answering tasks and data sets with different levels of difficulty have been proposed recently, ranging from questions paired with short, * Work done while the author was employed at Amazon. relevant documents containing immediately inferable answers (SQUAD; Rajpurkar et al. (2016) ), over questions to be answered from sets of documents and requiring to connect facts through multi-step inferences (WikiHop; Welbl et al. (2018) ) to naturally occurring questions as Google search queries, paired with sets of Wikipedia pages (Natural Questions; Kwiatkowski et al. (2019) ).
Common characteristics of those data sets are (1) sets of (question, document, answer)-tuples in the order of tens-to hundreds of thousands training and test examples; (2) extractive answers which can be pin-pointed in the reference documents; (3) the reference documents from which answers are derived are of comparatively short length (e.g., an average of 100 tokens per reference for WikiHop, vs 60K tokens in NQA). All recently proposed successful QA systems were trained in a supervised way, heavily relying on the availability of answer-annotated data sets as described above.
In this work we consider the highly challenging task of narrative question answering (NQA), as introduced by Kocisky et al. (2018) . In NQA, a system is presented with a question on the plot of a narrative (a book or a movie) and produces a freetext answer given the raw book or movie script text. 1 The data set was created by pairing each original narrative with a human-created summary, and crowd sourcing a large set of of questionanswer pairs based on the summary. Questions are derived from the summaries to deliberately avoid answers to be straightforwardly extractable from the full narrative texts.
Several interesting challenges arise in NQA: (1) although answers are typically localized in the summary, the corresponding answer in the book often requires reasoning across paragraphs or even chapters; (2) answers are abstractive and as such not necessarily verbatim in the reference documents; (3) the size of the data set, shown in Table 2, is comparatively small making supervised training challenging.
This paper explores the utility of heuristic, but inexpensive training data sets for NQA. We formulate NQA as an extractive question answering task, leveraging the fact that by construction of the data set, answers tend to be extractable locally from the summary text (cf., Table 1 for examples). While ultimately an abstractive system, which synthesizes an answer based on information in the text, is desirable, a conceptually simpler extractive approach can serve as a first and more feasible step towards the goal of answer generation. Our evaluation shows that our extractive system performs competitively on summary-and book-level NQA.
We construct a heuristic extractive NQA data set by leveraging characteristics of the generating process of the original data. Specifically, since question-answer pairs were synthesized based on the summaries, we hypothesize that the answer to a question can typically be found in a single summary sentence (or subspan thereof). We develop heuristics to retrieve those spans.
Based on our heuristic extractive data set we train models for two tasks: (1) Question-based sentence retrieval, which, given a question, selects relevant passages for a question (which may serve as input to a sophisticated QA model); and (2) SQUAD-style answer extraction, where the system learns to point to the beginning and end of the answer in the reference text. We train systems for sentence-retrieval and answer extraction on top of pre-trained BERT embeddings (Devlin et al., 2018) , which serve as a source of prior knowledge.
We train question answering systems on summary-question-answer tuples, and evaluate the systems on (1) summary references and (2) on the full book text. Although summaries are required for training, our model can answer questions on unseen test books with no need for a summary.
While a variety of systems has been proposed for summary-level based NQA, the full NQA challenge of answering questions based on the full, raw narrative text has received less attention. Conceptually similar to our approach of deriving heuristics from question-answer-summary tuples, very recent work proposes heuristic generative pre-training directly on book passages (Tay et al., 2019) . They use pointer-generator networks (See et al., 2017) which allow to produce an answer by sampling from the vocabulary (generate) even when the answer cannot be pointed to directly in the context passage.
Our system achieves state-of-the-art results on summary-level answer extraction, and performs competitively on the book-level specifically on METEOR, a semantically informed evaluation metric which scores semantic relevance beyond word overlap.
In summary, our contributions are:
1. Augmentation of existing (sparse) data sets with heuristic, inexpensive and supervised training data, with an application to extractive question answering for NQA 2. State-of-the-art results on the summary level NQA benchmark; and competitive results on the book-level NQA task under the METEOR metric, which takes into account synonymy in addition to word overlap
3. An analysis of common errors shedding light on shortcomings in model performance as well as evaluation
Task Description
The NarrativeQA data set (Kocisky et al., 2018) provides a testbed for question answering on raw narrative text. It consists of over 1,567 publicly available full-length narrative documents (books or movie scripts), each paired with a humancreated plot summary. For each document a set of question-answer pairs was collected by presenting human annotators with the summary. The annotators generated a set of questions (30 per summary) together with free-text answers (two answers per question, from distinct annotators), for a total of 46,765 question-answer pairs. Considering the variety in question types, narrative styles (books and movie scripts of different genres), sheer length of the documents, and the fact that answers need to be synthesized, this data set is too small to train models in a purely in-domain supervised way. We address the above challenges in two ways. First, we incorporate prior knowledge in the form of pre-trained word embeddings (Devlin et al., 2018) . Second, we recognize that by construction of the data set, answers to questions can generally be localized in the summaries, even though the free-text answers are typically not found verbatim in the summary. We leverage this property to construct extractive data sets for sentence-level and sub-sentence level answer extraction.
Data Sets for Extractive NarrativeQA
We derive data sets for supervised query-based sentence retrieval (Section 3.1), and answer span extraction (Section 3.2).
Sentence Retrieval Data Set
For each question, and its corresponding summary, we proceed as follows. We first obtain a relevance score of each summary sentence s to the input question q: we concatenate the question 2 q with both human-created free text answers a1, a2,
and obtain a relevance score of each summary sentence s w.r.t. z by passing both through the Universal Sentence Encoder (USE) 3 (Cer et al., 2018) and computing the cosine similarity between the encodings, rel z (s) = cos(USE(z), USE(s)).
(2)
We can thus rank summary sentences by their relevance to input qa-pair z. Our method can serve as a sentence or passage retrieval system, providing pre-selected input to a more sophisticated question answering model. Assuming the top-ranked sentence to be the true relevant sentence (and all other sentences to be irrelevant), we train supervised retrieval models given a question as input. We further use sentence relevance scores as a basis for heuristic answer-span annotation as described in the following section. Example questions, together with the most relevant retrieved sentence, are shown in Table 1 .
Answer Span Prediction Data Set
Although sentence retrieval is an important step towards question answering from narratives, ultimately a more flexible answer granularity is desirable. Building on sentence-level relevance scores, given a question-answer pair, we extract the most relevant contiguous word sequence to a question q in the summary. We employ the following backoff strategy: (2018)). Figure 1 shows examples of automatically annotated answer spans in NarrativeQA summaries (boldfaced).
Experiment Setup
We train systems for sentence retrieval and answer span prediction on questions paired with answerannotated summaries, obtained as described in Sections 3.1 and 3.2. We evaluate sentence retrieval and answer span prediction performance on both summary level data, and full narrative texts. We evaluate our extractive model predictions against the original, abstractive NarrativeQA gold answers using the evaluation setup proposed in the original paper to ensure comparability. Our experiments investigate (a) the effectiveness of a heuristic training data set on sentence retrieval and answer span prediction in the context of NQA; (b) the extent of generalization of systems trained on summary data to book full texts; and (c) the utility of prior knowledge in the form of pre-trained word embeddings. We train sentence retrieval and span prediction models on top of pretrained BERT embeddings (Devlin et al., 2018) .
BERT
BERT embeddings (Devlin et al., 2018) are contextualized word representations, pre-trained on enormous training corpora on unsupervised wordand sentence prediction tasks using bi-directional transformers. They have been shown to encode substantial semantic and syntactic information, and have been efficiently fine-tuned towards a variety of NLP tasks leading to new state-of-the-art results (Devlin et al., 2018) . Here, we fine-tune accuracy precision recall f1 p rel > 0.5 0.87 0.88 0.83 0.86 BERT embeddings for NQA sentence retrieval and answer span selection, as described below.
Sentence Retrieval
Given a question and a reference text, our models retrieve the most relevant sentences from the reference to the query by computing a relevance score for each sentence in the reference.
Approach Given a large set of sentencequestion pairs, we train a relevance prediction model on top of BERT embeddings. Following closely the architecture for BERT-based sentence classification, our system takes as input the BERT-embedded query q concatenated with a single BERT-embedded summary sentence s. The two sequences are separated with a special separation token ([SEP ]) and pre-pended with another special token [CLS] which will be trained to capture the aggregate sentence pair representation,
The final sentence pair representation [CLS] is passed through a single linear layer followed by a softmax layer to produce an output class (relevant vs irrelevant in our case). We use queries paired with top-ranked summary sentences (Section 3.1) as positive examples, and queries paired with random sentences from the same summary as negative examples, and minimize crossentropy classification loss. For each sentence-query pair we obtain a relevance score ∈ [0, 1], from which we can derive a summary sentence ranking by query relevance. We retrieve the top n most relevant sentences from this ranking for further predictions.
We use the default parameters from the original BERT implementation. 4
Summary-level results
We apply our model to the book summaries from test data set of Nar-rativeQA. We evaluate the extent to which truly p@1 p@5 MRR BM25f 10.53 51.42 0.276 BERT 13.80 53.02 0.305 Table 4 : Fraction of correct answers contained in the top {1 / 5} answer candidates, and MRR of the correct answer in passages retrieved by the BERT-based retrieval method (BERT) or an IR method (BM25f). relevant sentences (as extracted by our heuristic method) were assigned a relevance probability p > 0.5. Results are shown in Table 3 , and show that the model detects the most relevant summary sentence for a question accurately across a variety of metrics.
Book-level results
We apply our model to the considerably harder task of NQA on full documents, computing a question-specific relevance score for each sentence in the document. Note that we cannot evaluate retrieval scores directly, because we do not have access to a gold standard of relevant book sentences for a given question. Instead, we treat our system as a passage retrieval model given an input question. As an approximation to the quality of the retrieved passages we compute the extent to which the correct answer is found in the N most frequent answer candidates. 5 We compare our BERT-retrieval with an IRstyle retrieval system (BM25f; Zaragoza et al. (2004) ) which retrieves text passages of five consecutive sentences based on word token and character mention overlap with the question. From both systems, we retrieve the 20 most relevant predicted sentences, each in a context of ±2 sentences.
The results are shown in Table 4 . We can observe that BERT-based retrieval outperforms the IR retrieval-based model. We will also incorporate this model as a passage-preselection module for book-level answer span prediction in Section 6.
Qualitatively, we observed that most book sentences receive a very low relevance probability in our BERT-based retrieval system, which makes the model amenable for the task of narrowing down the context to few relevant passages. For example, on average across all books, only 1.4% of all sentences are predicted as relevant with p >= 0.8 and 4.3% with p >= 0.01%.
Answer Span Prediction
Given a question and a reference text (summary or full narrative), the task is to predict a contiguous sub-span of arbitrary length in the reference text as the answer to the question.
Approach We fine-tune BERT embeddings for answer extraction, similar to the approach for BERT-based SQUAD question answering in Devlin et al. (2018) . Given a query q and a text passage c, we map both to BERT embeddings, and concatenate the embedded representations,
BERT fine-tuning for answer-span prediction involves training a start-vector representation S and an end-vector representation E. The probability of a word i ∈ enc(c) being the start of the answer is the dot-product between enc(c) i and S, softmaxnormalized over all words in enc(c); and the probability distribution over end tokens is computed analogously. The probability of a span from word i to word j, s.th. i < j, is the sum of its start and end position
Pointing to the [CLS] token, the model also has the capacity to predict no answer at all. We use the start and end positions of our heuristic answer spans (Section 3.2) as gold training examples, and maximize the sum of log likelihoods of the start and end position as our training objective. While we use the whole summaries as contexts for summary-based QA, considering full narrative texts is prohibitive. To this end, we leverage the sentence retrieval model from Section 5 to obtain a subset of relevant sentences. In our experiment we retrieve the 100 most likely sentences given a question, each in a context of ±2 sentences, resulting in contexts of (up to) 500 sentences per question.
Even after this pre-selection, memory constraints prohibit processing of the full contexts, or summary texts. Following Kocisky et al. (2018) , we limit context length to a maximum of 384 words, split the original reference documents into multiple such segments, and pass each segment individually as context, and return the most likely span across all passages as an answer. For each test input, we return the most likely non-empty answer candidate returned by the model.
In order to disentangle the contribution of powerful BERT embeddings from the utility of our heuristic training corpus, we also trained an answer extraction model using SQUAD-V2.0 training data (Rajpurkar et al. (2018) ; BERT SQUAD). We train the models using either the full SQUAD data set, or a random subset of 31,000 training items, comparable in size to our heuristic training data set. On the one hand, this data set is a goldstandard of perfect context-span to answer correspondences. On the other hand, the data stems from a different domain, and thus potentially less informative for the NarrativeQA task.
We evaluate the predicted answers against the human-provided free-text answers using BLEU (Papineni et al., 2002) and ME-TEOR (Banerjee and Lavie, 2005) scores. We report results given (1) summaries as contexts, and (2) the full narrative texts, and compare against previously reported results on the respective tasks. Table 5 displays summary-level answer span extraction results for previous models (top), the BERT-based span prediction model trained on SQUAD data (center), and the same model trained on our heuristic extractive NQA corpus (bottom).
Summary-level Results
BiDAF is a span prediction model, conceptually similar to our own and was used as a baseline method in Kocisky et al. (2018) . DecaProp (Tay et al., 2018) is a neural network which, through dense connections between neighboring layers, is designed to distill information from hierarchical passage representations (over words, sentences, and paragraphs). CoZNet (Indurthi et al., 2018) is a neural network architecture designed to 'zoom into' relevant passages of contiguous, long text passages, using co-attention on query and passage and reinforcement learning with answer generation as target. The latter models generate, rather than extract, an answer. All models were evaluated against the human free-text answers.
Our model trained on the heuristic data set outperforms all prior work. The model trained on SQUAD data compares poorly against all other models, demonstrating that the prior information from BERT embeddings by themselves do not automatically lead to improvements on NQA. Interestingly, the SQUAD-data trained model perform better with fewer data (31K) compared with the full training data set, suggesting that fitting the model to SQUAD-data prediction decreases its generalization ability to out-of-domain NQA test data. The strong performance with our heuristic training corpus suggests that a heuristic and potentially noisy in-domain data set is of great utility for summary-level answer span extraction. Note that our model scores higher than the human results reported in (Kocisky et al., 2018) , where the automatic evaluation metrics were computed by evaluating one human annotation against the other. By extracting the answer string from the summary, our system is frequently in agreement with at least one human annotator; however, as humans were allowed to provide free-text answers, the two annotations often do not match exactly, resulting in overly pessimistic automatic scores. We discuss shortcomings of automatic evaluation metrics like BLEU in the context of NarrativeQA in more detail in Section 7.
Q1 Who is Mark Hunter? G he is a high school student in Phoenix E high school student () Book-level Results Although a range of prior models have been proposed for summary-level QA, the only prior work that tackles the full Narra-tiveQA task has been developed concurrently with our work (IAL-CL; Tay et al. (2019) ). IAL-CL is a pipelined approach of tfidf/cosine similaritybased passage retrieval pointer-generator networks for question answering model, together with sophisticated block-based alignment (IAL) strategy, trained with curriculum learning (CL). We also compare against the most competitive systems described in the original paper (Kocisky et al., 2018) . All results are shown in Table 6 . We compare our own model trained on the heuristic training corpus (bottom), against another span prediction model, Bi-Directional Attention Flow (BiDAF; Seo et al. (2016) ), as reported in Kocisky et al. (2018) , as well as their most competitive model, an adaptation of the Attention Sum Reader (Kadlec et al., 2016 ) (AS Reader). AS Reader follows an encoder-decoder architecture with attention, where the decoder is an LSTM sequence decoder which can synthesize an answer (rather than extract). Both prior models are combined with a passage pre-selection method (similar to our own), which is based on tf-idf based cosine similarity of answers (for training sets) and questions for (test sets). Like for the summary-level task, we compare our architecture fine-tuned on quality out-ofdomain training data (SQUAD). Tay et al. (2019) achieve the most competitive results across the board. Our model outperforms the conceptually similar span extraction model (BiDAF). The AS Reader performs similarly to our model, with the ranking depending on the metric used. Our model outperforms previous systems in terms of METEOR score. METEOR includes synonym matching and as such recognizes semantically similar predictions to the gold standard. The error analysis (Section 7), provides a variety of examples which demonstrate that model predictions are indeed often correct, despite having little word overlap with the gold standard. Like in the summary-level evaluation, models trained on our own corpus outperform the SQUAD-based models, suggesting again the utility of training on easily obtainable, inexpensive but heuristic in-domain data.
Error Analysis
We inspect a variety of examples on both summary-and narrative level QA to shed light on shortcomings of the model and evaluation. We show qualitative support for our model's discrepancy in METEOR and BLEU performance (Ta-Q5 What is Tom trying to desperately get working? G his latest invention E a photo telephone ( ) C I 'm trying to make a photo telephone. I have the telephone part down Pat, but I can't see anything of the photo image.
Q6 What is Dubuches passion besides painting? G music E music () C his landscapes were at least conscientiously painted, excellent in intention; but his real passion was music, a madness for music, a cerebral bonfire which set him on a level with the wildest of the band. ble 6), with model predictions frequently paraphrasing gold answers. Furthermore, incorrect answer predictions are often still topically relevant to the question, which highlights a need for models that go beyond word co-occurrence based prior knowledge (as obtained through pre-trained embeddings like BERT).
Figure 1 displays example questions with gold and model predicted answers from the summaries as reference documents. Example Q1 shows a case where the correct answer is conceptually simple and easily extractable. In examples Q2 and Q3, answers are complex concepts as indicated by the more verbose human and model-produced answers. Still, the model predictions are correct in both cases. For Example Q4 the model prediction is incorrect, even though the predicted span is clearly semantically related to the question.
We show questions with gold and model answers based on passages from the full narrative in Figure 2 . We also include the local context from which the model answer was extracted (the full context is up to 500 sentences long). Examples Q5, Q6, Q10, Q11 and Q12 are predicted correctly. Note that some predicted answers have very little lexical overlap with the gold answer, although the prediction is correct as supported by the context. Example Q7 illustrates a case where the model-predicted answer is wrong, however, the proposed passage refers to a situation which is similar to the correct answer (nearly escaping a potentially deadly situation, rather than real death of the same person). Example Q8 is a wrong prediction, a result of confusing semantic roles of the participants. Example Q9 seems to be correct, however, from the context it is not clear whether the extracted passage indeed refers to the morning after brenda died. Example Q13 shows another wrong prediction, however, the extracted context is arguably semantically relevant to the query.
Overall, the error analysis suggests that purely data-driven models tend to overly rely on surface semantic similarity and local contexts. We also find that automatic evaluation scores like BLEU and METEOR, which rely on word overlap, are overly conservative regarding the output of our model. A series of recent papers discussed problems of comparing models on abstractive NLI tasks using automatic metrics as the ones listed above (Novikova et al., 2017; Chaganty et al., 2018) . While there is decent agreement between human and automatic judgments on bad model outputs, disagreements tend to be substantial on good outputs. Our analysis provides further support for these observations.
Conclusion
Answering questions on the basis of long and comples texts is a major challenge even for the most advanced NLP methods. While the Narra-tiveQA data set provides an excellent benchmark for this task, it is comparatively small, and not designed for developing extractive question answering models, an arguably more straightforward task compared to extractive Q&A. We heuristically constructed an extractive summary-level Q&A data set and showed that it can be used to train accurate sentence-and span-level answer extraction systems from summary text. We also applied our models to full book text and showed that it outperforms IR-based retrieval systems when incorporated in a entity classification network.
On book-level QA, our model achieves competitive METEOR results. Our results and error analysis suggest that pure word overlap-based evaluation methods can lead to misleading results. The model produced answers were often correct despite lacking lexical overlap with the gold answers. Word overlap-based methods like BLEU or METEOR are agnostic of such hits. METEOR, in contrast takes synonymy into account, and our methods outperformed previous systems in this metric. Our observation follows recent published work on evaluating abstractive NLI systems (Chaganty et al., 2018) . Concurrently with improving NLI methodology, it is worth investing in the development of evaluation methods that reflect progress faithfully.
We believe that general, prior knowledge is necessary for successful narrative understanding. We incorporated prior knowledge through pre-trained BERT embeddings, and used heuristic but inexpensive data for supervised training. We hope that our approach opens up avenues for more sophisticated data creation methods for future work, including background knowledge and better models of the full stories.
